Image-based high-throughput phenotyping technologies have been rapidly developed in plant science recently and they provide a great potential to gain more valuable information than traditionally destructive methods. Predicting plant biomass is regarded as a key purpose for plant breeders and ecologist. However, it is a great challenge to find a suitable model to predict plant biomass in the context of high-throughput phenotyping.
Results:
In the present study, we constructed several models to examine the quantitative relationship between image-based features and plant biomass accumulation. Our methodology has been applied to three consecutive barley (Hordeum vulgare) experiments with control and stress treatments. The results proved that plant biomass can be accurately predicted from image-based parameters using a random forest model. The high prediction accuracy based on this model, in particular the crossexperiment performance, will contribute to relieve the phenotyping bottleneck in biomass measurement in breeding applications. The relative contribution of individual features for predicting biomass was further quantified, revealing new insights into the phenotypic determinants of plant biomass outcome. What's more, the methods could also be used to determine the most important image-based features related to plant biomass accumulation, which would be promising for subsequent genetic mapping to uncover the genetic basis of biomass.
Conclusions:
We have developed quantitative models to accurately predict plant biomass accumulation from image data. We anticipate that the analysis results will be useful to advance our views of the phenotypic determinants of plant biomass outcome, and the statistical methods can be broadly used for other plant species.
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Introduction 33
Biomass accumulation is an important indicator of crop final product and plant performance. It is thus 
38
digital image analysis has been used more broadly in many fields, as well as in plant research. It allows faster
39
and more accurate plant phenotyping and has been proposed as an alternative way to infer plant biomass.
41
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Our methodology was applied to three consecutive experiments ( Fig. 2A 
124
FW over genotypes (Fig. 2E) . Furthermore, the overall phenotypic patterns of these plants were similar to 125 their biomass output (Fig. 2, B-E) , revealing that these image-based features were potential factors reflecting 
133
Relating image-based signals to plant biomass output
134
The above analyses suggest that plant biomass can at least be partially inferred from image-based features.
135
To examine which model has the best performance and to select an appropriate model for biomass prediction,
136
we then applied our regression models (Fig. 1C) 
142
We next tried to predict FW (Fig. 3A) and DW (Fig. 3C ) based on this set of image-derived features using
143
four different regression models. The models were respectively tested on control plants, stressed plants and
144
the whole set of plants. The performance of these models was compared and evaluated. Although the 145 performance of these models was roughly similar, RF, SVR and MARS methods had better performance than 146 the MLR method for prediction of both FW (Fig. 3B) and DW (Fig. 3D) 
158
Relative importance of different image-based features for predicting plant biomass
159
As mentioned above, the image-based features could be classified broadly into four categories: plant structure 
164
We compared the capability of each individual or type of feature for predicting biomass accumulation in the 165 first experiment (i.e., experiment 1). Geometric features showed the most predictive power among the four 166   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64  65 categories for prediction of both FW and DW, but were slightly less predictive than all features in a full model 167 (Fig. 4, A and B) . Strikingly, the predictability of other types of features (such as colour-related and FLUO-168 based traits) was substantial, indicating that these traits may act as unforeseen factors in biomass prediction.
169
In addition, the NIR-based features showed higher predictive capability for FW than for DW in control and 170 stressed plants, revealing NIR signals were import factors in determining FW accumulation.
172
Next, we investigated the relative importance (RI) of each feature for predicting biomass using a full model 
181
In principle, we would expect that highly important features in the full model would be related to a high 
188
Furthermore, we compared the relative importance of each feature in predicting FW and DW (Fig. 4E ).
189
Although a positive correlation (r = 0.88) between the feature importance for FW and DW could be observed,
190
several features showed large differences in their ability to interpret FW or DW, including "nir.intensity"
191
(derived from side view images), "compactness.01" (top), "hull.pc1" (top), "leaf.count" (side),
192
"hsv.h.average" (top) and "lab.a.mean" (top). For instance, NIR intensity and plant compactness (top view)
193
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202
In order to explore whether our models were generalizable across different experiments, we applied our 
218
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258
The first evidence for this notion is the observation that our model showed more predictive power in plants
259
with two treatments than with a single treatment (Fig. 3, B and D) . Indeed, when applying our model to the 
265
conditions should be standardized and any noise which might lower image quality should be avoided.
266
Another approach to improve applicability of models, which could not be tested in this study, would be to 
273
geometric features alone show high prediction accuracy (Fig. 4A) . However, to investigate dry weight, it
274
would be helpful to include an additional near-infrared camera system under normal growth conditions and
275
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277
278
derived parameter (such as projected area) or several geometric parameters, our analyses extended these 279 studies by incorporating more representative features that cover both structural and physiological-related
280
properties into a more sophistic model. Although the predictive power of our model is roughly higher than 281 that of single feature-based prediction, such as the digital volume (Fig. 3) [11], our model also reveals the 282 relative contribution of individual feature in prediction of biomass. The information regarding the importance
283
of each feature will offer new insights into the phenotypic determinants of plant biomass outcome.
284
Interestingly, we found that several top ranked features, such as digital volume and NIR intensity, showed 285 genetic correlations with biomass of fresh weight (Fig. 4C) 
Potential Implications
298
We anticipate that the analysis results will be useful to advance our views of the phenotypic determinants of 299 plant biomass outcome, and the statistical methods can be broadly used for other plant species and therefore 300 assist plant breeding in the context of phenomics. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63 64 65
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Materials and Methods
303
Germplasm and experiments
304
Barley plant image data were obtained as described previously [11, 21] . Briefly, a core set of 16 two-rowed Table S1 ). 
381
Evaluation of the prediction models
382
To evaluate the performance of the predictive models, we adopted a 10-fold cross-validation strategy to check 383 the prediction power of each regression model. Specifically, each dataset was randomly divided into a training 384 set (90% of plants) and a testing set (10% of plants). We trained a model on the training data and then applied 385 it to predict biomass for the testing data. Afterwards, the predicted biomass in the testing set was compared 386   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60  61  62  63  64  65 with the manually measured biomass. The predictive accuracy of the model can be measured by 
395
where denotes the sample size of the testing dataset.
396
We repeated the cross-validation procedure ten times. The mean and standard deviation of the resulting 2
397
and RMSRE values were calculated across runs.
399
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